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Abstract 
As practice recommendations and guidelines accumulate, the healthcare system continues to depend on clinician heroes to work 
harder and faster to meet increasing demands. Population health management requires healthcare to move towards systems based 
designs, and move away from depending on individual patient visits. However, the implementation of a change in care delivery 
has to be endorsed by providers or it is doomed to fail, and frontline providers can singularly provide critical insight into the 
successes and failure of the system. The Diabetes-Depression Care-management Adoption Trial (DCAT) is evaluating an 
automated telephonic assessment tool for depression in a primary care setting. The technology tool was designed to shift routine 
depression screening and symptom monitoring from providers to machines and used the information to automatically alert providers 
of those patients in need of follow-up. Therefore, providers can have more time dedicated to proactive, compassionate care. This 
article first proposes a conceptual framework for evaluating provider responses to such system-based redesign of healthcare 
delivery. The conceptual framework focuses on barriers to providing recommended care, the success of the information system 
implementation, and the role of cultural and organizational characteristics.   
This framework is used to evaluate survey responses from 12 providers who provided care to 1406 patients in the DCAT trial.  The
survey included 7 respondents from sites using the technology tool, and 5 from sites not using technology tool across the 
professional spectrum (nurse practitioner, registered nurse, social worker, and licensed vocational nurse). The results showed that 
providers at sites using the technology tool more frequently spent time providing care (e.g., monitoring adherence to treatment, 
monitoring side effects, and adjusting the treatment plan), whereas providers at sites not using the technology tool more frequently 
spent time on identifying patients’ care needs (e.g., routine screening and assessing for depression episodes). Outcome expectancy 
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and satisfaction was significantly higher in the sites with the technology tool, whereas knowledge was significantly higher in the 
control arm.  Self-efficacy and familiarity were not different between the two groups. 
The conceptual model creates a framework for understanding the impact of healthcare delivery system redesign on providers.  
Preliminary survey results show that providers with access to the automation technology spent less time on routine processes of 
care, and more time on patient-centered care.  Furthermore, system change may result in changes in provider confidence and 
satisfaction without impacting skills or beliefs.  
© 2014 The Authors. Published by Elsevier B.V. 
Selection and peer-review under responsibility of the University of Southern California. 
Keywords: healthcare engineering; healthcare systems; depression, automated healthcare delivery; provider evaluation framework  
1. Introduction 
Healthcare delivery systems are looking for ways to provide patient-centered care and improve quality for large, 
chronically ill populations in an efficient, economical manner, especially as enrolled populations are set to expand 
dramatically with healthcare reform.  Population health management requires healthcare to move towards systems 
based designs, and move away from depending on individual patient visits. 
Other industries use technology to automate standardized protocols and routine procedures, producing highly 
reliable and easily scalable results that better accommodate the consumer.  By leaving routine and standardized work 
to technology, worker productivity improves, allowing health professionals to focus on work that requires their 
expertise and judgment. However, healthcare has not yet benefited from this application of technology.  
Decades of research on evidence-based medicine have generated numerous practice recommendations and 
guidelines. However, as they pile up, we still depend on clinician heroes to work harder despite evidence that it is 
impossible for physicians to deliver all recommended care to their patients: in a typical practice, primary care 
physicians would require an estimated 7.4 hours per day to fulfil all the preventive care recommendations of the US 
Preventive Services Task Force.1 
As healthcare systems attempt to move towards systems-based practices and population health management, the 
implementation of a change in care delivery has to be endorsed by providers or it is doomed to fail. Buy-in is important 
for successful implementation, and the frontline providers can singularly provide critical insight into the successes 
and failures of the system.2   
The Diabetes-Depression Care-management Adoption Trial (DCAT) is evaluating an automated telephone 
assessment tool for depression in a primary care setting.  This tool pioneers the automation of depression screening 
and monitoring in a safety net population of patients with diabetes.  It was designed to shift routine depression 
screening and symptom monitoring from providers to machines. The information the machines collected would 
automatically alert providers of those patients in need of follow-up. Therefore, providers can have more time dedicated 
to proactive, compassionate care. This paper focuses on provider survey responses to the implementation of the 
automated tool.  These preliminary results form one facet of a larger mixed methods evaluation to determine how the 
automated assessment tool affected provider barriers to providing recommended depression care, and understand 
provider perception of the tool’s implementation. 
Nomenclature 
PHQ Patient Health Questionnaire  
DCAT  Diabetes-Depression Care-management Adoption Trial 
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1.1. Closing the loop of information flow to providers in depression care 
Successful models for high quality depression care depend on both the clinician and the system wherein the patient 
and provider interact.  On the one hand, clinicians must be comfortable, motivated and incentivized to diagnose 
patients, and to provide evidence-based care; on the other hand, organizations must remove barriers to achieving these 
goals.3 
In current models of primary care, providers have limited information: they lack information about their patients 
until scheduled appointments, or if patients call for an ad-hoc appointment as needed.4 The health system currently 
depends on these outpatient visits as the primary locus of information exchange between patients and providers. For 
example, the Patient Health Questionnaire (PHQ) is a well-validated and reliable, industry standard tool, which can 
be self-administered.  Furthermore, it serves the dual purpose of diagnosing depression, as well as grading depressive 
symptom severity.  Nonetheless, current depression care still relies on administering the PHQ in person during a clinic 
visit,4 and when it is used, it is done inconsistently.5  
This is a faulty system for various reasons: first, healthy, stable patients still have to come for regular follow up 
only to report that they are well; second, patients who are depressed, by virtue of their illness, are more likely to miss 
their scheduled visit appointments; and third, patients with depression often delay - or altogether forgo - calling for 
help when symptoms worsen or fail to improve.  From a provider’s perspective, they inefficiently must spend time 
seeing healthy patients or providing reactionary care to sick patients.  
A proactive, systems-based solution to depression care moves away from depending on clinic visits by maintaining 
frequent communication with both patients and providers.   Indeed, system barriers have been shown to be a key 
barrier to providing recommended care,5,6 and focus groups with nurses suggest that automation may succeed in 
removing established barriers.7 Ideally, depression care includes symptom assessment, development and execution of 
a treatment plan, education and follow-up monitoring of symptoms including response to treatment.4   
Automated outbound telephonic monitoring restructures the role of providers in depression care in several ways. 
First, screening for depression reliably occurs on a regular basis outside the clinic visit.  Second, patients with stable, 
controlled symptoms will not trigger any flags to providers, so as long as the patient remains engaged, providers can 
know their patients are doing well.  In this model of a well-designed, monitored system, the previously rueful adage 
“no news is good news,” can instead be used with reassurance.  Third, routine monitoring allows providers to reach 
out to patients in need through two mechanisms: (1) when depression severity scores signal out of control depression, 
or (2) when patients report during automated monitoring that they require help.  Fourth, patients with higher access 
barriers who do not – or cannot – present to clinic in person, have remote and routine communication of their health 
status with their providers. For the minority of patients who remain disengaged, such a system can proactively identify 
them and create a registry of those patients for further engagement, such as a clinician telephone follow-up or a home 
visit, to prevent those patients from “falling through the cracks” of the health care system.  As summarized in Table 
1, the changes in the provider practice are many, but can be summed up as follows: less time in routine tasks, more 
time caring for sick patients. 
Table 1: Predicted changes in provider practice patterns for depression care after system change 
Less time spent: More time spent: 
Screening for depression during clinic visits Addressing patient concerns during visits 
Routinely monitor depression symptoms Patients with poorly controlled depression symptoms 
Visits seeing patients with well-controlled depression symptoms Regularly receiving concise system feedback on stable patients 
Visits to answer questions that could be answered by phone Returning patient calls about questions not requiring clinic visits 
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1.2. Framework for evaluating impact on system of depression care 
This evaluation had two related goals: (1) to understand whether the tool reduced barriers to providing 
recommended depression care, and (2) to evaluate the success of the system in providing the services it was designed 
for.  In order to achieve these goals, we constructed a conceptual framework derived from three validated conceptual 
models as described below (see Figure 1). 
The first model describes provider barriers to adherence of practice guidelines, modeling the barriers under the 
sequence of knowledge, attitudes and behavior.8 This framework suggests that an automated system may affect 
knowledge indirectly through increased awareness and familiarity of depression, and may change attitudes through 
changes in self-efficacy or outcome expectancy, and through reduction of competing factors, all of which can lead to 
behavior change. Familiarity is distinguished from awareness and regards the knowledge to apply recommended care 
correctly. Outcome expectancy reflects a provider’s belief that initiating treatment will be effective for the patient. 
Self-efficacy is the belief that one can actually perform a behavior and influences whether a behavior will be initiated 
and sustained despite of outcome.8 We measure behavior change by time allotted in providing recommended 
depression care, ongoing monitoring of depression in their patient population, communication with patients and 
colleagues.  
The clinical adaptation of the information system success model served as a basis of our understanding of system 
success.2,9 The information system success model, first developed by DeLone and McLean in 1992, and updated in 
2003, provides a framework for understanding how and why a system succeeds.9 A clinical adaptation of the 
information systems success model proposed by van der Meijden, et al, noted three factors relevant in system success 
in healthcare which are not included in DeLone and McLean’s model: system development, implementation process, 
and the culture and characteristics of the organization.2 We decided to focus on system quality and information quality 
(leaving aside service quality because DCAT technology was implemented in an existing patient registry system), and 
we defined satisfaction as both an intermediate outcome (influencing productivity) as well as a final outcome. 
Finally, our model considers the cultural and organizational differences across multiple clinical sites.  As discussed 
above, van der Meijden, et al argue that these organizational features are part of what distinguish clinical information 
systems.2 Clinical microsystems are defined as “the small, functional front-line unit that provides health care.”10 The 
microsystems serves as an organizational construct for a systems-based approach to providing clinical care, developed 
from theories from organizational development, leadership and improvement.11 In this model, information is the feeder 
system to support the four key factors for success in a microsystem: leadership, staff, patients and performance.12 
These factors formed the conceptual foundation for understanding how variance in clinical microsystem may affect 
changes in barriers of care or system success. 
2. Methods 
2.1. Description of automated technology system 
The DCAT trial and the automated technology system (i.e., the tool) are described in detail elsewhere.13 Briefly, 
the tool calls enrolled diabetes patients with automated telephone calls to administer the PHQ. In patients with 
depression, the tool will also ask about medication/therapy adherence. All patients are monitored of their pain level 
and self-care activities to prevent or mitigate depression symptoms.  Finally, all patients also have an opportunity to 
request a call from their care manager for any other issues.   The tool contacts all patients in the enrolled clinics every 
90 days; patients with a diagnosis of depression receive more frequent phone calls (every 30 days). If patients signaled 
suicidal symptoms during their call, the system triggers automated text messages and emails to a group of physicians 
on call in 15-minute intervals to ensure direct patient contact. 
Patient responses were automatically integrated into an existing patient disease registry in near real-time for 
clinician use. The specific issues such as patient callback requests, depressive symptoms and antidepressant 
medication issues that need medical attention would trigger a task on the registry system asking patient’s care manger 
or social worker to follow up. A radio-button structured documentation system, with the option of free text, is 
incorporated within the task system to facilitate documentation and to track task completion. 
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The trial is a quasi-experimental prospective cohort design trial clustered by clinical site, with three groups of 
clinics: general primary care without automated tool, high risk diabetes clinic without automated tool, and high risk 
diabetes clinic with automated tool.  Only the patients in the third arm received the automated intervention (the 
“technology” arm); the other sites did not receive the automated intervention (collectively the “non-technology” arm).  
All clinics are part of the Los Angeles County Department of Health Services Ambulatory Care Network; this system 
provides safety- net care to the second largest low-income population in the United States. 
2.2. Evaluation methodology 
When comparing ranges between the 2 groups (i.e., practicing in a clinic with or without the automated technology 
system), we used the Wilcoxon rank sum test as a non-parametric comparison given the small sample sizes.  
Significance was defined by α = 0.5, consistent with Cheung and Duan’s proposal for reframing analysis of 
implementation studies.16 
In rating completion of processes of care, we converted the respondents’ answers from a 5-point Likert scale to a 
binary answer.  Because our system redesign aims to create a high-quality, reliable system of care, we defined the 
process as high quality if providers reported that this was done either “always,” or “almost always.” Our survey tool 
used the following scales to assess the dimensions related to barriers or to behavior change: outcome expectancy, self-
efficacy, familiarity, knowledge, and satisfaction.  For each of these scales, we created a composite score consisting 
of the percentage of responses above a certain threshold.  We only counted responses where providers responded 
“always,” for all scales except for knowledge, where we also allowed “almost always,” because of the diverse training 
background of respondents.  These percentages were averaged for each group. 
Figure 1: Conceptual model for evaluating provider response to automated assessment tool.  The model integrates three validated conceptual 
models: (1) a model for barriers to adherence to practice guidelines in relation to behaviour change (shown in blue), (2) the information 
system success model (shown in red), and (3) the clinical microsystem model (shown in green).  The light blue boxes are the definitions and 
measures of the primary endpoints of our study: behaviour, productivity, and satisfaction. Competing factors plays a key role in both 
information system success and barriers to practice guideline adherence and is therefore colored in both blue and red. 
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3. Results 
Eight clinics were recruited to participate in the trial.  Of these, 2 were usual care and 6 were specialized disease 
management clinics focusing on patients with poorly controlled diabetes.  The automated assessment tool was 
implemented into 3 of the disease management clinics (the “technology” arm); the tool was not implemented in the 
other clinical sites (collectively the “non-technology” arm); these sites served as controls. We gave surveys to all 
patient care providers but our analysis excluded physicians, resulting in 12 surveys, 7 from the technology arm and 5 
from the non-technology arm.   There were no significant differences in practice patterns (see Table 2) except for a 
difference of years in the Los Angeles County Department of Health Services; one provider in the technology arm had 
been in the system for 27 years. 
Table 2: Demographics and practice characteristics 
 Non-technology Arm Technology Arm:  
Provider Total: 5  7   
NP: 2  1   
RN: 2  3   
MSW: 1  2   
LVN: 0  1   
 Mean (SD): Range: Mean (SD): Range: p-value: 
Years in practice 9  (3) 6 - 13 12.3  (7.7) 5 - 27 0.51 
Years in health system 5.6  (2.4) 3 - 9 10.2  (8.3) 4 - 27 0.33 
Visits per week 48  (31.3) 15 - 90 37.5  (18.9) 20 - 70 0.85 
Minutes for a new visit 39  (13.4) 30 - 60 46.4  (22.9) 20 - 90 0.62 
Minutes for a follow up visit 26  (19.2) 15 - 60 25.7  (15.4) 10 - 50 0.93 
Minutes for a telephone call 14.4  (7.4) 2 - 20 17.9  (6.9) 10 - 30 0.79 
 
In evaluating processes of care, we compared proportions of providers reporting that each process measure was 
completed either Āalways,” or “almost always.” Using α = 0.5 as discussed above, we found significant differences 
between the two groups (see Figure 2).  Non-technology providers were more likely to report that they consistently 
performed routine screening for depression (p = 0.17) and assessed patients with depression for depressive episodes 
(p = 0.22).  On the other hand, providers in the technology arm were more likely to report that they consistently 
monitored adherence (p = 0.22) and side effects (p = 0.22), and that they adjusted depression therapy in their patients 
with depression (p = 0.3).  We did not find a significant difference between providers in the two arms reporting that 
they consistently evaluated patients for risk factors of depression (p = 0.89), educated their patients about depression 
(p = 0.7), or discussed management options (p = 0.7). 
As discussed above, the factor scores for the dimensions influencing behavior change were created by setting a 
high threshold in our point system to reflect the aim of the redesign to create a high-quality, highly reliable system.  
As shown in Figure 3, outcome expectancy  (p = 0.01) and satisfaction (p = 0.15) were significantly higher for 
respondents in the technology arm, whereas providers in the nontechnology arm scored better in knowledge (p = 0.14).  
We did not find a difference in reported self-efficacy or familiarity. 
4. Discussion 
Healthcare system design should integrate multiple patient-centered avenues for communication and monitoring to 
better align patient goals with delivery of care.  Providers must be included in this redesign in order to assure successful 
implementation, and as a critical source of feedback for improvement. In this trial, we tested a system that reconfigures  
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The information infrastructure in depression care so that providers are not dependent on synchronous, in-person 
visits to know about the status of their patients.  It also allows providers to transition from the current combination of 
rigidly scheduled visits and ad-hoc phone calls, to a proactive “pull” system that can alert providers about their 
patients, and possibly avert downstream complications. Because this trial was powered to assess changes in patient 
outcomes and not in provider behavior, the number of providers in our analysis is small. We framed our analysis in 
the context of quality improvement and implementation science and thus set a higher α threshold for significance.  
These preliminary results from our survey will guide the analysis of our interview data. 
One important aim of this system redesign was to shift provider priorities away from standardized protocols and 
routine procedures – these can be automated. Instead providers can spend more of their time with patients, dedicated 
to care that requires their expertise and judgment. Indeed, we found that providers in the non-technology arm were 
more likely to consistently provide processes of care that can be automated: routine screening and assess for depressive 
episodes.  In contrast, providers in the technology arm more frequently reported that they consistently provided 
processes of care that can not be automated: monitor medication adherence and side effects, and adjust depression 
therapy. Furthermore, because they report that they “always,” or “almost always,” talk to their patients with depression 
about adherence, side effects or adjusting treatment plans, this suggests that they may be spending more time with 
patients in need of their care. 
Our model proposes that behavior change depends on upstream changes in knowledge and attitudes. The relatively 
low rates of many dimensions across both groups point to a large opportunity for improvement from the current 
system.  In particular, the aggregate satisfaction score was 23% (36% among technology arm providers and merely 
5% among non-technology arm providers), reflecting low levels of providers responding that they are either 
“satisfied,” or “very satisfied.”  The satisfaction scores reflect providers’ satisfaction with their practice, not with the 
tool itself.  Nonetheless, exploration of this perspective in interviews may reveal opportunities for improvement 
through system redesign or the tool modification. For example, in addition to depression, the automated tool may be 
expanded to assess other common chronic conditions and patient self-care behaviors to further streamline providers’ 
work.  Similarly, less than 30% of providers across both groups felt either “very confident” or “extremely confident” 
with tasks such as interpreting a PHQ depression scale, or inquiring about a patient’s depression symptoms.  This 
presents another opportunity for the tool design improvement. For example, the tool may include instructional video 
clips and virtual psychiatrist consultants to engage providers with more information about how to use the PHQ-9 for 
depression management. 
The difference in outcome expectancy between the two groups was significantly different. The difference suggests 
that an automated monitoring system with improved patient-provider communication may give providers more 
confidence that they will be able to achieve the patient’s desired goals.   
At the same time, familiarity and self-efficacy, both reflecting on providers’ skills did not differ across the two 
groups. So whereas outcome expectancy reflects a provider’s confidence in their health system, self-efficacy, 
Figure 2: Percent of providers who report "always" or "almost always" performing each process of care 
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familiarity and knowledge are 
reflections of the providers’ own 
beliefs and skills.  Our findings 
point to a change in provider 
confidence in the health system 
without actually changing their 
own skills and beliefs. This 
finding offers a hope to design a 
better, scalable system that is 
capable of population 
management without having to 
change the skill set of providers 
at large. 
Our study has several 
limitations.  First, our small 
sample size limits the power of 
quantitative analysis, and our 
data collection procedure only 
required a small number of 
providers to answer our survey, 
which further limits the 
reliability of the quantitative 
results.  However, we recognized that this survey is only part of our mixed methods evaluation of provider responses 
and will supplement these findings with in depth analysis of provider interviews.  Also, the wide spectrum of providers 
in our sample makes gross assumptions about equivalence of perspectives. In grouping all non-physician providers, 
we may have understated the role these different perspectives play on system redesign.  Thirdly, our survey and 
interview tools were adaptations of well-validated models, but our adaptations have not themselves been validated.  
Fourth, our survey data is self-reported, without empiric assessment to support providers’ claims.  However, collection 
of empiric data for provider behaviors can be costly and time consuming, and its measurement was beyond the scope 
of this trial.  Instead, we rely on self-reported data, and attempt to mitigate its inconsistencies by attempting to 
triangulate the data with multiple data sources.  
5. Conclusion 
Healthcare delivery systems are moving away from visit-based care to population-based care in order to 
accommodate growing population of older Americans, healthcare reform, and the growing pressure for cost and 
quality transparency.  Systems-based redesign can inform the realignment of care delivery to optimize patient goals 
while working within the constraints of the system.  One salient example is the under-utilization of technology in the 
delivery of care to automate standardized protocols and routine procedures, thereby liberating providers to focus on 
patient care at their level of expertise.   
This study focused on provider reactions to redesigning depression management around these principles.  We used 
a provider survey to learn how the study impacted providers and how the system might improve.  The findings suggest 
that the system may have played a role in changing processes of care delivery, shifting toward personal interactions 
and away from routine processes that can be automated.  We also find that whereas providers may expect better 
outcomes, their own beliefs and skills may not have changed.  This finding has an important implication for designing 
a better-engineered health care system through the assistance of automated technology as a future for better patient 
care. 
Figure 3: Comparison of composite scores of factors that affect behaviour change. 
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